We estimate the effects of obesity on wages accounting for the workers' sorting into jobs requiring different levels of personal interactions in the workplace.
Introduction
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a negative effect of obesity on wages for white women. A possible explanation of this effect is that obesity results in social stigma, affecting men and women differently (the so-called "beauty premium"). 2 To the extent that body weight affects a person's appearance, it may also affect other people's perception of his or her labor-market relevant traits. 3 If the effect of stigma on wages is more prominent for workers employed in jobs requiring frequent personal interactions, then obese workers may more likely to self-select into jobs requiring fewer interactions. We study how this self-selection affects the observed job-specific relationship between obesity and wages.
There exist at least two channels that may generate a weight penalty in jobs that require personal interactions. One possibility is that overweight individuals, being perceived as less attractive in the workplace, are discriminated against by co-workers, customers, or employers who have a taste against interacting with individuals with above normal weight (as in Becker (1957) 's theory of discrimination). In this case, jobs that require more interactions display a stronger relationship between weight and labor market outcomes. A second theory is that co-workers, customers, or employers statistically discriminate against overweight individuals (see Phelps (1972) ).
According to this theory employers hold a (possibly biased) belief that overweight workers are on average less productive, for example because they are less capable of performing the productive tasks requiring interactions. If productivity is imperfectly observed, body weight is used by employers as a proxy in order to improve workers' 2 A growing literature (see Hamermesh and Biddle (1994) ) documents the relationship between wages and physical appearance, which is at the root of the "beauty premium" conjecture. Bhattacharya and Bundorf (2009) offer an alternative explanation for the obesity wage penalty. Given that obese workers have higher expected medical expenditures, they also have higher health insurance costs. If these workers obtain health insurance from their employer, their employer will pass some of these costs to the employee in the form of lower wages. They find supporting evidence for this type of mechanism 3 See Baum and Chou (2011) for an analysis of the socioeconomic causes of obesity. Another explanation from the sociological literature is that obesity has a more adverse impact on the selfesteem of white female than on that of other groups, but Averett and Korenman (1996) do not find empirical support for such conjecture.
job allocation. Therefore, individuals carrying a different body weight, but otherwise identical, are treated differently. This (statistical) discrimination will be larger in jobs requiring personal interactions. Both channels carry the same implication: workers in jobs that require more interactions with customers or co-workers will be more strongly affected by their appearance.
When the effects of weight on wages are economically relevant, workers may, depending on their body mass, self-select into jobs requiring different levels of personal interactions. Our contribution is to account for the endogenous selection of workers into job types by adopting a job selection model to correct for the potential selection bias occurring when selection is ignored. 4
To this end, we merge two sources of data. The first one is the National Longitudinal Survey of the Youth 1979, a nationally representative sample of men and women aged between 14 and 22 when first interviewed in 1979. This dataset contains detailed information about the respondents, including their weight, height, employment status, occupation and wages. The second source of data is the O*Net database, which classifies occupations according to hundreds of standardized descriptors illustrating each occupations' characteristics and the worker's required skills. 5
From this information we use factor analysis to construct a variable measuring the level of personal interactions required by each occupation. We classify jobs in one of two types, depending on whether the job's level of personal interactions value is above or below the median.
4 Previous research has noted that people with different body mass choose different jobs. Han et al. (2011 ), Morris (2006 , while Harris (2017) examined the relationship between individuals' weight and their employment decisions over the life cycle. Our contribution is to account explicitly for the endogenous selection of people with different obesity into different types of jobs.
5 O*Net provides for each occupation values to descriptors such as "Contact with Others" (How much does this job require the worker to be in contact with others, face-to-face, by telephone, or otherwise in order to perform it?), Face-to-Face Discussions (How often do you have to have face-to-face discussions with individuals or teams in this job?), or Work With Work Group or Team (How important is it to work with others in a group or team in this job?). The full set of descriptors used in our analysis is listed in the Appendix B.
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The literature on the effects of obesity on wages typically regresses wages on obesity status, using different statistical methods to identify the causal effect of weight (usually fixed effects or instrumental variables techniques), accounting for the possibility of reverse causality (i.e poorer individuals have less time and monetary resources to eat healthy food, exercise, etc.). We complement this approach by adopting a Roy model of self-selection. 6 In this framework, workers of different body mass may have a comparative advantage in performing different types of jobs. We assume each person chooses between two types of jobs, requiring a high or low level of personal interactions. Each job-type requires specific skills, which are distributed differently among workers of different body mass. Workers select the job that gives them the highest expected earnings. In the standard OLS regression of wages on body mass index (BMI), ignoring this selection biases the coefficient on BMI, even after controlling for job type. For example, obese individuals may disproportionally find it more advantageous to seek employment in jobs requiring fewer interactions, where obesity has less impact. Because we do not observe the wages that obese workers would obtain in jobs requiring interpersonal interactions, a standard OLS regression of wages on BMI would return a biased coefficient.
In our benchmark specifications our wage equation includes individual fixed effects to account for reverse-causality between obesity and wages, that is, the possibility that low-wages cause obesity (perhaps because poorer families have easier access to fattening food), and the possibility that unobserved correlates affect both obesity and wages. 7 To correct for the selection bias, we model job selection with an equation capturing the discrete choice between two job-types. Estimates from this equation provide information about the selection bias in the wage equation. Results 6 See Roy (1951) and Heckman (1990) . Seminal papers in this empirical literature are Willis and Rosen (1979) , Heckman and Sedlacek (1985) , and Borjas (1987) .
7 This approach is adopted in Cawley (2004) .
from the selection equation are used, in a second stage, to unbiasedly estimate the wage equation. We implement two different approaches. In one specification, we adopt the two-step parametric method introduced by Willis and Rosen (1979) that does not include fixed effects in the selection equation. In a second specification, we use the methodology developed in Kyriazidou (1997) to include fixed effects in the selection equation.
Although the coefficients can be identified out of the functional form, to improve the identification of the bias correction, we include in the first stage a variable that we believe affects the relationship between obesity and wages only through job choice: the respondent's closest siblings' job type. The intuition for this exclusion restriction is that individuals may find it easier, regardless of their obesity, to find jobs requiring skills that are similar to the jobs of their family members, either because of direct referrals, or because family members correlate on other skills required in the workplace.
Our results confirm, using up-to-date information, the literature's result that the negative relationship between obesity and wages is significant only in some demographic groups, notably white women. However, when accounting for job selection, we see that the negative relationship between obesity and wages is mostly coming from the subset of workers in jobs needing a high level of personal interactions. In such jobs, the relationship is stronger than average, but similar to a regression that does not correct for the selection bias. In jobs that require a lower level of personal interactions, the relationship between jobs and wages is smaller and not statistically significant.
Our analysis is most related to the research in Cawley (2004) , Han et al. (2009) and Shinall (2014 uses job characteristics to compare the effects of obesity on wages for that require some physical skills versus jobs that require some social skills. However, in that paper the data does not offer the possibility of controlling for individual fixed effects and there is no specific accounting for selection bias in the wage-obesity estimation.
Our paper's contribution relative to existing literature is to extend the analysis of the literature of obesity on wages by (i) using a broad range of information on job characteristics, and, most importantly, (ii) to explicitly model workers' job selection to verify if job sorting affects the magnitude of the effects of obesity on wages.
Data
The In order to construct the main dependent outcome we obtain information on the hourly wage of each individual and then, as in Cawley (2004), we top-code the hourly wage at $500. Wages are normalized to 2010 using the Consumer Price Index for Urban Consumers. Our left hand side variable is the log of real hourly wages. Our estimation sample shows that the average wage for men is $20.23 while the average wage for women is $16.25. When focusing on the difference between normal weight category and obese category, we estimate a wage differential of $-2.83 for women and a $1.44 for men, i.e. obese men earn -on average -higher hourly wages than normal weight men.
In order to calculate body mass index, we pool the responses for all years that recorded self-reported weight. Height was assumed to be equal to the height recorded in 1985, when respondents were between 20 and 27 years of age. We adopt the stan- dard practice in this literature to correct weight and height for self-reporting error using the procedure proposed by Lee and Sepanski (1995) , exploiting the information on the relationship between true and reported height and weight collected in the National Health and Nutrition Survey. In our estimation sample the average BMI is around 25.92 for women and 26.65 for males. Almost 22 percent of women and about 21 percent of males in our sample falls in the obese or higher category.
We identified the respondents' job in every year in which they are employed, as well as the associated hours worked and the hourly wage received at each job. If individuals are working multiple jobs, they report one of the jobs as their main job and we use that information as their main source of employment. The NLSY offers census occupation codes for all jobs. We use these codes to merge the NLSY data with data from from the 2010 revision of the Occupational Information Network (O*Net) database, which contains detailed information about job characteristics.
For each job, the O*Net offers a description of tasks, tools and technologies, knowledge, skills, abilities, work activities, work context and education required. For each piece of information, the database reports two numerical values, "importance"
and "level". The "importance" value is a number ranging from 1 to 5 representing how how often the skill is used; the "level" is a number ranging from 1 to 7 representing the expertise in skill needed to perform the job. For example, the skill "writing" may be equally important for secretaries and journalists, but a professional writer may need a higher level of writing skills. The database contains a total of 277 job descriptors. Figure 1 reports, as an example, one of the questions which is relevant to infer the importance and level of personal interactions required to perform the respondent's job.
We use information from the categories "skills" and "abilities" in O*Net to calculate how important personal interactions are to perform any given job. We chose 17 work activities and job skills that, to our judgement, are most important for discerning the important personal interactions. These questions assess how relevant such interactions are to perform a job, to communicate with others (supervisors, coworkers, or customers), to resolve conflicts or coordinate other individuals, to speak, negotiate, coordinate others, etc. The full list of job descriptors we selected can be found in Appendix B.
We used the "level" values for each task and skill; to reduce the dimensionality of the information we used factor analysis to extract a single variable measuring the degree of personal interactions required by each job. 9 We use the median of this standardized score for the entire sample as a threshold to categorize jobs in two categories: those requiring high and low levels of personal interaction. In our estimation sample we find that 71% of women are occupied in jobs requiring a high level of personal interactions, whereas only 60% of males are employed in these job. In Figure 2 , we plot the predicted logarithm wage across the different levels of BMI for jobs requiring a high level of interactions versus jobs requiring low levels of personal interactions for two groups, white women and white males. 10
These figures illustrate several facts. First, jobs requiring interactions usually pay higher wages than other jobs. Second, the relationship between BMI, wages, and job-type is different between males and women. The relationship between wages and BMI is close to linear for women, and decreasing in BMI; the same relationship for males is non-monotonic. Finally, the wage-gap between jobs with high and low levels of personal interactions for white women is decreasing in BMI, suggesting that there is a higher penalty of BMI on wages for women in jobs requiring interactions, presumably because weight and appearance is more important in such jobs. The same penalty is not as evident for males' wages as for women' wages. 
Empirical framework
We now turn to describing our empirical strategy to account for the selection into the different types of jobs. We assume that individuals can be employed in two types of jobs j, requiring (j = 1) or not requiring (j = 2) a high level of personal interactions.
Let w itj be the log wage of individual i at time t employed in job j ∈ {1, 2}, which we assume to depend on a set of covariates X it , including her or his obesity at time t, BMI it , and, depending on the adopted specification, individual and time effects to account for the possibility of reverse causality from wages to BMI:
Let Z it denote a set of observed variables that influence the job choice of individual i at time t without affecting wages directly, and let J it be a latent variable determining the job-type choice of the individual. We assume the following job selection model:
with job choice j it = 1 if J it ≥ 0, and j it = 2 otherwise. Hence,
Because individuals selects into different jobs according to their characteristics, wages are not observed from a random sample of the population and an OLS regression of the wage equation with fixed effects delivers biased coefficients because:
Procedures to account for the selection bias in linear models have been developed since the seminal paper by Heckman (1979) . We estimate the model (1-2) using two different specifications that account for selection and, for comparison, we estimate a specification that does not account for selection.
Specification without selection (OLS-FE)
First we include a standard specification which does not account for job selection. We include fixed effects in the wage equation as in the preferred specification of Cawley (2004), but separate the sample according to the type of job (high or low personal interactions). Essentially, we estimate (1) for the sample of individual working in jobs with high personal interactions and low level of personal interactions separately.
Linear parametric specification with fixed effects in the wage equation (WR)
In our first specification that accounts for selection we use the standard approach to selection, and we include individual fixed effects in the wage equation (the second stage). First, we assume joint normality of the error term vector [ǫ 1 , ǫ 2 , ǫ 3 ], with zero means and variance-covariance matrix Σ = [σ ij ]. This normality assumption allows the computation of an analytical expression for the bias:
where φ is the PDF and Φ is the CDF of a standardized normal distribution. These equations can be estimated with the two-step procedure adopted in Willis and Rosen (1979) : first, estimate the probit model (3) and use the estimates to compute the predicted values of the inverse Mills ratios 11 :
11 See, e.g., Hogg and Craig (1995) Next, estimate the wage equations (1) by Ordinary Least Squares includingλ 1it and λ 2it to correct for the selection bias. The second stage then becomes:
The procedure provides consistent estimates of the parameter vector α.
In this approach identification of model parameters is guaranteed by the nonlinearity of the Mills ratios. However, non-parametric identification is usually preferable if a variable is available that affects the selection equation without affecting the wage equation directly. To this end, we include in Z it the closest sibling's job type. We motivate this choice with the assumption that, because jobs are often found through family mentoring and networking, a sibling's job type has a more direct effect on the other sibling's job selection than on her wages. This exclusion restriction will improve identification of the parameter of interest, the coefficient on BMI. 12
All specifications for the wage equation include as regressors the following variables: individual fixed effects, categorical BMI dummies, age, number of children, age of youngest child, education, work tenure and experience, region dummies, marital status, mother's education and experience
Specification with fixed effects in both the wage and the selection equations (K)
Our third and preferred specification adds one more complication, adding fixed effects in both the selection and the wage equation. The standard procedure in estimating 12 In order to identify the "closest" sibling of each individual we create a measure of distance between each individual and all of their siblings. This measure is the sum of the squared difference between the siblings' age, race and gender. The "closest" possible sibling is one that has the same age, race and gender.
fixed effects models with panel data is to compute time-differences of the equation of interest, which eliminates the individual fixed effects ζ i . However, if the selection equation also contains fixed effects, sample selectivity creates nonlinearities in the wage equation that cannot be differenced out.
We therefore adopt the method proposed in Kyriazidou (1997) to account for individual unobserved heterogeneous effects in both the selection and the wage equations. The procedure follows a two-step approach in the spirit of Heckman (1979) , in which the unknown coefficients of the selection equation (2) consistently estimated in the first step are used to estimated the equation of interest 1 in the second step.
The wage equation is estimated with the usual procedure of taking time differences of the observed variables as in standard linear panel data models, which eliminates the fixed effects ζ i . To account for sample selectivity, each observation is assigned a weight computed in the first step. The procedure assumes that, for an individual choosing job j in two consecutive periods, the selection effect remains the same if the variables that determine the job choice do not change over time, in which case the selection effect is completely eliminated by the time differencing in the second stage. A Kernel weight is therefore computed as a function of the magnitude of the estimated differences |w i,t+1β − w i,tβ | so that a larger difference corresponds to a smaller weight, whereβ can is consistently estimated using a logistic model. In other words, for a given individual, if we observe moves from different job types and no change in BMI, then this observation will not receive too much weight in the wage equation, as opposed to individuals who experience changes in both jobs and BMI.
In this specification we include the same covariates included in the previous specifications, exdluding the parental variables that, not varying over time, are not identified when fixed effects are included in the first stage. 3 reports the results for specifications 1, 2, and 3, respectively, as described in the previous section. The tables display the effects of the categorical BMI levels (normal BMI is the omitted category) on wages. The full set of coefficient estimates, including results from the first stage regressions for specifications (1) and (2) Taking a bird-eye view by looking for traction on the coefficients of the categorical BMI variables across different groups and specifications, we note that abnormal BMI has consistent statistically and economically significant effects only on white women working in jobs requiring a high level of personal interactions. This group suffers a wage penalty from being obese between 10 and 11 percent, depending on the specification. The wage penalty associated from being simply overweight is smaller in size, but significant and consistent across specifications.
High personal interactions Low personal interactions
The effect of abnormal BMIs on black and hispanic women in jobs with a high level of personal interactions is in almost all specifications smaller in magnitude and noisier, and rarely statistically significant. For black women who select into jobs with high levels of personal interaction, we find in our preferred specification a strong positive effect of being underweight. Since this result does not seem to be robust across specifications, we take it to provide only suggestive evidence that there is a premium for underweight black women among jobs that have high levels of personal interactions. Overweight status is also associated with higher wages (relative to the missing category, normal BMI). However this effect becomes less significant once individual fixed effects are included in the selection equation.
The effects of abnormal BMI in women working in job with low levels of personal interactions are generally smaller in magnitude for all racial groups. In the rare cases when they are statistically significant, the results are not robust to different specifications. For example, obese black women receive a wage premium of about 10 percent, in these types of jobs, barely significant at the 5 percent level according to specifications (1) and (2), but this result is reversed, but noisy in our preferred specification (column 3). Looking at the results from the Hispanic women sample, we don't see any statistically significant effects of the categorical weight variables for either type of job.
The effect of abnormal BMI on men is generally small and positive, but rarely significant, and not robust to changing specifications. For example, we find statistically significant positive effects of being overweight in white males working in jobs requiring high personal interactions. However, this effect is not robust to the inclusion on individual fixed effects in the selection equation.
Comparing our results to existing literature, we confirm the previous findings of a wage penalty on for obese white women, but not for other groups. However, we find that these effects are stronger, and statistically significant, only in jobs requiring a high level personal interactions. These patterns are consistent with the results from Figure 2 and suggest that white women's wage penalty for obesity is driven, in part, by social stigma rather than productivity. This is consistent with the hypothesis that appearance matters more in these types of jobs.
Finally, we note that accounting for selection, with or without including fixed effects in the selection equation, has only modest effects on the estimated coefficients. Table 5 for a comparison of their main results with our specification (2)). 14 Both of these papers find significant negative effects of obesity on wages for white women, and the magnitude of these estimates is within the confidence interval of our unadjusted estimates. Similarly, these papers do not find strong evidence for the effects of obesity in males or black and hispanic minorities. This reinforces the evidence for an obesity wage penalty occurring for white women, but not other racegender groups. Recall that while our data source is the same as in Cawley (2004) and Han et al. (2009) , differently from them, our sample only includes individuals with siblings.
We find that most of the negative effect of obesity for white women is due to women working in jobs requiring a high level of personal interactions. However, we find suggestive evidence that weight causes women to sort into different types of jobs and that this effect could be biasing the standard OLS downwards. These results help validate previous findings on the estimation of BMI on wages since most of those studies do not correct for selection into these types of job.
Focusing on white women, our results highlight that body mass is a relatively more relevant factor in jobs requiring a high level of personal interactions, suggesting that employers may consider looks in addition to productivty when it comes to jobs that require high levels of personal interation.
This methodology has some limitations and one should interpret a causal interpretation of the coefficients with caution. First, even though we are accounting for selection, there could be some unobservable time-varying components across individuals that would be biasing the effects of obesity on wages. Second, the variable we exclude from the wage equation in the selection models could be correlated with wages through some unobserved variable. Finally, we do not model the possible changing intertemporal preferences of individuals that may vary with age and family status, and could be affecting their employment decision. Despite these limitations, our results extend the literature of obesity and wages by providing evidence that the impact of BMI on wages depends on job types but not on sorting.
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A Appendix: descriptive statistics We report below the set of abilities, skills and work activities we used to construct the index that encompasses the level of personal interaction required on the job.
• Work Activities: 
